The masked congruence priming effect (MCE) has proven valuable in the investigation of nonconscious cognitive processes. While previous studies have used reaction time (RT) as the dependent variable, and found no difference between repeated primes (which also appear as targets) and novel primes (which do not appear as targets), this study, which had subjects point to the targets while the hand location is continually sampled, did find significant differences. Arm movements were decomposed into the summation of a number of submovements. The parameters describing these submovements were found to be different between repeated and novel primes. This novel method of analysis may provide an insight into the time course of the decision making process, and describes a feasible mechanism for how perceptual information can be transformed into motor plans at discrete times.
Introduction
The question of nonconscious perception continues to intrigue cognitive scientists today, even though its existence is now well accepted (cf. Kouider & Dehaene, 2007) . Typically, nonconscious perception is investigated using masking or binocular rivalry techniques, which render the critical stimulus "invisible". Generally, the question of interest in these experiments has to do with the extent to which the subliminal stimulus modulates behavioural and/or neural responses to a conscious stimulus that is presented in close spatio-temporal proximity to the subliminal stimulus. Within this area of work, the masked congruence priming paradigm has proven to be a valuable investigative tool. In this priming paradigm, subjects are asked to categorize target stimuli into one of two groups (e.g. Is '2' bigger or smaller than 5?). Typically, subjects response faster and more accurately in the congruent condition (i.e. prime and target stimuli are exemplars of the same category) than in the incongruent condition (i.e. prime and target are from different categories). This finding is known as the masked congruence priming effect (MCE), a well-known and robust index of nonconscious cognitive processes (cf. Finkbeiner & Forster, 2008; Kouider & Dehaene, 2007 for reviews) . Dehaene and colleagues (1998) were the first to report an MCE with the number magnitude task (e.g. Is it bigger or smaller than 5?) and they argued that the presence of an MCE implicated nonconscious semantic processes. But this conclusion has been the subject of a very spirited debate. For example, Damian (2001) has suggested that the MCE is due to stimulus-response mappings and Kunde, Kiesel and Hoffmann (2003) suggested it was due to perceptual "action triggers". Interestingly, attempts to adjudicate between these different possible accounts of the MCE have largely failed. Following Damian's suggestion, Naccache and Dehaene (2001) compared the MCE for novel and repeated primes. Novel primes did not appear as targets and, hence, could not be associated with a particular response; repeated primes, on the other hand, appeared both as primes and targets and, thus, could be associated with an appropriate response. Naccache & Dehaene found that novel and repeated primes produced reliable and statistically indistinguishable congruence effects. On the basis of these findings, they suggested that the MCE implicates nonconscious semantic processes. That is, given that there is no difference between novel and repeated primes, and because the MCE with novel primes cannot be attributed to SR mappings, it seems reasonable to attribute the MCE (for both novel and repeated primes) to semantic processes. But Kunde et al. (2003) countered, saying that when the target set size is small, participants can associate the perceptual properties of expected stimuli with an appropriate response. They referred to these associations as "action triggers". On this account, the lack of an interaction between Prime Type (novel vs. repeated) and Congruence (congruent vs. incongruent) is seen as support for the action trigger hypothesis.
When the target stimuli are drawn from a small set such as the numbers 1-9, it seems reasonable to think that subjects could generate an expectation for all the stimuli within that set. But the action-trigger hypothesis becomes less reasonable when the targets are drawn from large sets because it is hard to imagine how subjects could generate the perceptual properties of each exemplar and associate those with an appropriate response. Thus, to further investigate the source of the MCE, we asked subjects to categorize target stimuli that were drawn from large categories (ANIMALS and TOOLS). Just as in the experiment reported by Naccache and Dehaene (2001) , we compared the MCE for novel and repeated primes but, unlike previous experiments, we held constant the frequency of occurrence for novel and repeated primes. Finally, because we were interested in the time course of the MCE, we use the manual reaching task developed by Song and Nakayama (2008; see also Finkbeiner, Song, Nakayama & Caramazza, 2008) . The value of this task is that it yields a continuous behavioral measure, which has the potential to provide a high-fidelity transmission of the underlying cognitive processes as they unfold in real time. To investigate this possibility more closely, we chose to analyze the reaching trajectories in terms of their submovements. In contrast to previous studies which look only at the final output of the motor system (i.e., the arm trajectory) and ignore how the motor plan is executed, this approach uses a feasible model of arm movement production to observe the timing of decision making processes.
Breaking Reaching Trajectories into Submovements
The segmentation of seemingly continuous movements into segments has been theorized for many years. These segments may be considered as movement "primitives", or building blocks of more complex movements (Flash and Hochner, 2005) . A limited amount of evidence has been observed for this theory. In recovering stroke patients, movements consisted of isolated strokes that became overlapping and continuous as they recovered (Krebs et al., 1999) . In infants, arm movements were found to consist of units where each unit is approximately straight, and the direction changes between units (Hofsten, 1991) . Curved arm movements resulting from a change in target location can be well modeled as the superposition (or vector summation) of two submovements (Flash and Henis, 1991) .
These submovements are generally observed to have a bell-shaped velocity profile. This may be indicative of a movement that minimizes a cost related to mean squared jerk (known as the minimum jerk model, Flash and Hogan (1985) ). The minimum jerk model always produces straight line movements, with symmetrical acceleration and deceleration phases. Other works have used less strict formulations, such as a support-bounded log normal curve (Plamondon et al., 1993) .
The theoretical basis of examining arm trajectories for understanding cognitive processes relies on the assumption that the hand or arm location at each time point reflects the real-time state of neural processes (Spivey et al., 2005) . However, as was noted in van der Wel et al. (2009) , the curved trajectories typically observed in these experiments may instead be the result of the superposition of a number of submovements. The implication of this is that rather than being able from a single trajectory to infer continuous information about the state of neural processes, we are instead able to make more limited inferences about the neural state at the time of the initiation of a submovement. We expect that the magnitude and duration of a planned submovement will directly reflect the current state of information in the motor system. Due to the stochastic nature of information accumulation and motor processes, the timing of submovements, and hence also their number, magnitudes and durations will vary. By recording a large number of trials, we can recover the average distance planned at many time points throughout the movement. This can then allow inference of the continuous time course of the information in the motor system.
Methods
Participants. Fourteen right-handed individuals participated for pay. All participants were recruited from the Macquarie University community and had normal or corrected-tonormal vision.
Stimuli
The critical target stimuli used in this experiment were 8 line drawings (4 animals and 4 tools). Four additional stimuli were selected as primes, with 2 (1 animal and 1 tool) appearing only as primes (novel primes) and with the remaining 2 appearing as both primes and targets (repeated primes). The total frequency of occurrence of these 4 prime stimuli was held constant over the course of the experiment.
Procedure. In this experiment, subjects indicated their response to centrally presented targets by reaching out and touching either the letter A or T, which were positioned at the left-and right-most sides of the monitor; the position of the letters was counterbalanced across subjects. Each trial began with a forward mask for 1 second, followed immediately by a prime stimulus for 50ms, a backward mask for 16.7 ms, and then the target for 300 ms. Subjects were encouraged to begin their reaching response within 350 ms of target onset and the trial was aborted and then repeated at a later point in the experiment if they failed to do so.
Data Analysis. In this study, arm movements were modeled as the superposition of a number of submovements. The submovements generally start and end at different times, and are overlapping. Each submovement has been modeled according to minimum jerk criterion (Flash and Henis, 1991) . The equation of the velocity profile of a minimum jerk movement is given by (Flash and Hogan, 1985) :
where D x is the amplitude of the submovement, D is the duration and time goes from T 0 ≤ t ≤ T 0 +D. The velocity profile of the reconstruction F(t) is then given by the superposition of N submovements ẋ i (t) ( 1) where T 0i and T 0i +D are the start and finish times of the ith submovement, ẋ i (t). In contrast to Rohrer and Hogan (2006) , where they compared F(t) to the tangential velocity, we considered amplitude to be 2 dimensional (x and y), and so compared F(t) to the 2 dimensional velocity. Although the movements being studied here are three dimensional, little movement occurred in the z (vertical) direction, and the axes of interest for the hypotheses being tested are in the x and y directions.
In order to measure the quality of the reconstruction, an error measure was defined:
( 2) where G x (t) and G y (t) are the x and y components of the measured hand velocity, F x (t) and F y (t) are the reconstructed x and y components of the velocity. F v (t) is the reconstructed tangential velocity, calculated using Equation (1), where . It is necessary to include the tangential velocity in the error term in order to prevent the optimization procedure from selecting approximately simultaneous submovements where one has a large positive displacement and the other a large negative displacement, which seems unlikely to be the strategy used. The reconstruction technique now needs to find the "best" selection of parameters (4 per submovement), by minimizing the error measure (Equation (2)). This was performed using the constrained nonlinear optimization function in the Optimization toolkit of Matlab (with the Trust-Region-Reflective algorithm), with constraints on the parameters:
where T f is the time at the end of the observed movement. Displacement in the x direction (D x ) was allowed to be positive or negative, but only positive in the y direction (D y ) as the experimental protocol required that all movements have monotonically increasing y values. The gradient of the error function was calculated analytically using the Matlab symbolic logic toolkit, and was supplied to the optimization function. The initial values were randomly selected to be within the constraints selected above. The optimization was performed 10 times and the result with the lowest error was selected. This was in order to increase the probability of selecting the global optimal solution (Rohrer and Hogan, 2006) . The number of submovements to use for a particular trial was determined as the lowest number of submovements that have an error measure of less than 0.02. When four submovements were unable to produce an error less than 0.02, the trial was not considered in the further analysis (< 7% of the trials).
Result
A sample decomposition is shown in Figure 1 , from the repeated incongruent condition. As can be observed, this trajectory could be well fit using two submovements. The subject began with a submovement in the wrong direction (positive x -towards the right) at approximately 200ms, and then began the submovement correcting the direction at approximately 300ms.
The prediction that the magnitude of a submovement is related to the current state of information in the system was examined by looking at a scatterplot of submovement start time t 0 and submovement amplitude D x . In general, as the trial progresses, more information is accumulated, and so it is expected that submovements made later in the trial should have larger amplitudes. This can be seen in Figure 2 . As the start times increases, displacements become more negative (more towards the left, in the direction of the target). The mean number of submovements used for a movement is presented in Figure 3 . As can be observed, most trials used 2 submovements, and fewer submovements were generally required for movements to the right compared to the left target.
To quantify the differences between the conditions, a 2x2x2 ANOVA was performed with Target Location (Left or Right) as a between groups factor and Prime Set (repeated, novel) and Congruity (congruent, incongruent) as within-groups (repeated) factors. The dependent variable was the proportion of trials with 1 or 2 submovements. This analysis yielded a main effect of Congruity (F=81.5, p<0.0001), with the congruent trials having a higher proportion of trials with 1 or 2 submovements (0.76) compared to incongruent trials (0.57), where they generally had to change direction mid-flight. That is, incongruent trials have significantly more submovements than congruent trials. The interaction Congruity × Target Location (F=5.8, p=0.02) was significant. This is because the congruity effects are stronger on the right (congruent=0.86, incongruent=0.62) compared to the left (congruent=0.67, incongruent=0.53). The interaction Congruity × Prime Set (F=7.2, p=0.01) was also significant. This is because the congruity effects on the number of submovements are stronger in the repeated (congruent=0.77, incongruent=0.55) compared to the novel (congruent=0.75, incongruent=0.59) trials. The timing of the submovements for trials with 2 submovements in total is presented in Figure 4 . Zero time is defined as target onset. While the first submovement has approximately the same starting time and duration across the conditions (approximately 150ms), the second submovement starting time varies. In the repeated case, the second submovement starts later in the incongruent (0.33 s) compared to the congruent case (0.30 s). An ANOVA, with the same factors as above, and with dependent variable T 0 for the second submovement confirmed a significant difference for Congruency (F=32.3, p < 0.0001). The averaged magnitudes and directions of the submovements by condition are shown in Figures 5 and 6 . They are plotted as if a submovement started where the previous one ended, while in the actual execution, the submovement timings overlap so this is not the actual trajectory followed by the arm. Differences can be observed in a number of cases. For example, when moving towards the left target and two submovements were used, the first submovement is more towards the left in congruent rather than incongruent cases, suggesting that in these cases, at the starting time of the first submovement, information from the prime was used to determine the properties of the first submovement. These findings were confirmed using an ANOVA with the same factors as above, with the dependent variable the angle of the first submovement in the trials with 2 submovements. The angle is defined as θ = tan -1 (D y /D x ) (i.e, 0 degrees is to the right, 90° is up). The only significant effect was for the interaction Congruency × Target Location (F=22.3, p<0.0001), with congruent movements to the left having an average angle of 89.8° compared to 80.2° for incongruent movements to the left. For movements to the right, the opposite pattern is observed (68.9° for congruent compared to 75.9° for incongruent). In movements to the right, for cases with 3 submovements, the second submovement is more towards the target in the congruent rather than incongruent case, and the repeated congruent moves more towards the target than the novel congruent condition.
Figure 5: Averaged directions of the submovements for the left target. The blue line shows the first submovement, the red the second, green the third, and black the fourth submovements. Each column is for a different number of total submovements used. Averages were taken first within a subject, then across subjects. Subjects that did not have any examples of a particular submovement quantity were not included in the average. The distance planned is defined as the cumulative distance planned towards the target at a particular time. When a submovement begins (at its T 0 ), it is assumed that the whole distance towards the target (in the x direction) has been planned. For a single trial, this will result in a step-like function. The results are averaged per condition and number of submovements first by subject, then across subjects. This averaging results in the distance planned being a smooth curve.
The average distance planned as a function of time is plotted for the four conditions in Figure 7 . The average distance planned can be considered as a measure of the amount of information in the motor system at a given time. Due to their ballistic nature, it is assumed that at the start of a submovement, the entire movement has been already planned, so the information used for executing that submovement was already available at the start of the submovement.
For the 2 submovement case, both the congruent conditions have very similar time courses. The incongruent conditions show differences, with the novel incongruent condition moving towards the target earlier than in the repeated incongruent condition.
In order to quantify the differences between the novel and repeated conditions, the difference between the planned distance of the congruent and incongruent cases was calculated (for each target individually, averaged within a subject, then across subjects). This is shown in Figure 8 . In this analysis, all trials (i.e. with 1-4 submovements) were considered together.
An ANOVA was performed on the peak average difference in distance planned, with factors Prime Set and Target Position. A main effect was found for Target Position (F=4.9, p=0.031), as the effects were smaller for the right target compared to the left target. For Prime Set, the difference was close to significant (F=3.6, p=0.06). That is, the repeated primes had a larger difference in terms of peak distance planned compared to the novel primes.
Figure 8: Average difference (averaged within a subject, then across subjects) between the congruent and incongruent planned distance for the repeated (in blue) and novel (in red) trials, for the two targets. The repeated prime sets showed a larger difference in the distance planned.
Discussion
The decomposition of arm trajectories into submovements provides a mechanism for explaining the time course of the use of perceptual information in generating a motor response. Due to the inertial properties of the arm and delays in feedback available for real-time planning of movements, it is unlikely that the current perceptual state is used to continuously control the arm. Rather, it seems more likely that at several points in time, commands are given to produce submovements based on the current perceptual state. By averaging over a large number of movements, it is possible to observe the amount of information available to the motor system at a given time, and to compare the effects of paradigms such as masked priming. This technique also has the advantage that it enables calculation of the information used by the motor system without having to wait for the outcome (which is relatively slow for the arm), which may allow for an earlier estimate than using alternative methods.
In the analysis performed here, it was observed that fewer submovements are used in congruent trials compared to incongruent ones. This should be expected given that the information received initially from the prime is misleading, and so in the congruent cases the first submovements will more often need to be later corrected. Furthermore, the effect of Congruity on the number of submovements was largest for repeated primes. This finding stands in sharp contrast to the pattern of findings that has been reported previously (cf. Naccache & Dehaene, 2001) . In previous studies, in which mean reaction times have been used as the dependent measure, the MCE for novel and repeated primes has been statistically indistinguishable. This contrast in findings between the present and previous studies illustrates the importance of employing multiple experimental methodologies. Because mean RTs represent only a single point in the temporal development of a response, they have led, incorrectly it appears, to the conclusion that the priming effects for novel and repeated stimuli are quantitatively indistinguishable. In contrast, our analysis of the reaching trajectories used here has revealed a clear difference in the processing of masked repeated and non-repeated primes.
It terms of timing of submovement initiation, it was observed that the second submovement (when there were two in total) was later for the incongruent compared to congruent condition. When two submovements are made, this seems to be because insufficient information about which target to move towards is available at movement onset. The earlier start time of the second submovement in the congruent cases may be because sufficient information to decide on the correct target is available earlier than in the incongruent condition.
The difference in amount of information available is also observed in the direction of the first submovement. When there are two submovements in total, the first submovement is more towards the target in the congruent case. It seems that in these cases, the information was not sufficient to move straight to the target (in which case there would only be one submovement), but the amount of information did affect the takeoff angle.
The final graph shown here, of the "average distance planned" is analogous to the path comparisons made in previous works, but has the advantage that it is more directly tied to the task requirements. Based on the assumption that the whole submovement is planned at submovement onset, an earlier window into the cognitive processes is available. The distance planned progressed slower in the incongruent cases. Furthermore, these differences were different in the novel and repeated case. As observed with the number of submovements, the repeated primes had larger effects on the difference than the novel primes. This is further evidence for the differences in processing of repeated and novel primes.
A clear difference is observed in the trajectories towards the left and right targets. This is not due to the targets themselves because the target location was counterbalanced across subjects. Rather, it seems that the first submovement tended to be biased towards the right. This may because of biomechanical reasons -in the setup used, it is easier to move the arm initially to the right (involving only rotation of the elbow) than to the left (requiring rotation at the shoulder and elbow).
The analysis presented here can also be considered with regard to the temporal dynamics of information processing (Coles, Gratton, Bashore, Eriksen & Donchin, 1985; Eriksen & Shultz, 1979) .
This analysis provides an explanation of how continuous perceptual information combined with discrete motor events produces curved movements with average movements that look like they are being continuously controlled. Future work needs to model these phenomena using accumulator (Vorberg et al., 2003) or diffusion (Ratcliff & McKoon, 2008) models.
